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ABSTRACT:
Data-driven analyses of windstorm building performance typically utilize reconnaissance data from a single event.
The Structural Extreme Events Reconnaissance (StEER) network, funded by the National Science Foundation, has
collected post-windstorm building performance data since 2017 using standardized methodologies, allowing for multievent comparisons. This study analyses the damage patterns for various structure components and structure types
using data from hurricanes Harvey (2017), Irma (2017), Michael (2018) and Laura (2020). Fragility analyses are
performed highlighting regional differences in performance under similar hazard conditions.
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1. INTRODUCTION
Since 2018, the Structural Extreme Events Reconnaissance network (StEER), funded by the
National Science Foundation, has conducted post-windstorm reconnaissance missions utilizing
consistent methods and data standards, and unbiased sampling techniques. These efforts build on
pilot studies by the first author (Roueche et al., 2018) and others in 2017 to demonstrate the
feasibility of such approaches. In combination, the datasets produced in this manner allow for
multi-event analyses of common wind damage patterns in the major building components,
stratified by key factors such as hazard intensity, occupancy, year built, structural system, and
more. This study highlights common component-level damage patterns in recent windstorms and
presents illustrative fragility analyses of component damages.
2. METHODS
The combined dataset includes the following hurricanes: Harvey (2017), Irma (2017), Michael
(2018), and Laura (2020). Within the combined dataset is included the building location,
occupancy, relevant appraisal and structural attributes, as well as component-level damage
assessments. This information, as well as estimated peak wind speeds for each building’s
location were used to evaluate the frequency of damage for each component and perform initial
fragility analyses. In this preliminary analysis, frequency of damage for each component is
quantified as follows:
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where 𝑁𝑁𝐶𝐶 is the number of buildings in occupancy class 𝐶𝐶, and 𝐼𝐼𝑆𝑆 is an indicator function with a
value of 0 if the given component for building 𝑆𝑆 has no evidence of damage, and 1 if any of the
component is damaged. The fragility analysis was completed using maximum likelihood
estimation (MLE) to condition lognormal cumulative distribution functions.
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4. PRELIMINARY RESULTS
The pie charts depicted in Fig. 1 display the percent damage for each structural component
stratified by the three broad occupancy classifications—single family residential, multi-family
residential, and commercial/industrial.

Figure 1. Frequency of damage type for windstorms with respect to (a) single family (N = 3813), (b) multi-family
(N = 150), and (c) commercial structures (N = 284). Note: percentages do not sum to 100% because the componentlevel damages overlap.

The fragility analysis illustrate the probability of failure of the roof cover and structure with a limit
state of greater than or equal to 25% and 5% damage respectively for all buildings in Figure 2.

Figure 1. Multi-event fragility curves for all buildings considering (left) roof cover damage and (right) roof
structure damage, with empirical failure rates stratified by hurricane event also shown.

Roof cover is by far the most damaged component. The multi-event analyses highlight the eventto-event variability, potentially indicative of regional differences in design wind speed and
construction practices.
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ABSTRACT:
Post-windstorm field reconnaissance data are a valuable resource for understanding and improving the performance
of buildings during extreme wind events. Datasets collected in the field are often fragmented and non-uniform,
necessitating the development of data enrichment and quality control protocols to ensure datasets are accurate,
complete, and standardized. If carried out manually, such processing can require months, considerably delaying data
analysis. This work proposes a preliminary automation framework to accelerate an existing data enrichment and
quality control process. Scripting and machine learning techniques are employed to automate building attribute
retrieval, image collection and processing, and damage recognition and classification, illustrating how such methods
can support and augment human-based approaches.
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1. INTRODUCTION
Post-windstorm damage assessments conducted by field reconnaissance teams yield valuable data
for understanding and ultimately improving the performance of structures subjected to extreme
wind loads. Because practical constraints on field data collection often result in incomplete and
non-standardized records, data enrichment and quality control (DE-QC) protocols, such as those
developed by the Structural Extreme Events Reconnaissance (StEER) network (Roueche et al,
2019), are implemented to ensure accuracy, completeness, and consistency in the published
datasets. Performed manually, DE-QC is time-intensive and can stall data analysis for months.
Considering the StEER protocols specifically, this work presents a preliminary automation
framework to expedite the DE-QC process by means of scripting and machine learning methods.

2. AUTOMATION METHODS
The automation framework is illustrated in Fig. 1. The current framework focuses on the following
three essential tasks. (1) For a set of addresses or coordinates, basic building attributes are retrieved
by scripted web scraping; these include “number of stories”, “year built”, “foundation type”, and
“occupancy type”. The attribute list is then supplemented and enhanced using tools available in
the open-source Building Recognition using AI at Large-Scale (BRAILS) and Spatial Uncertainty
Research Framework (SURF) research applications developed and maintained by the NHERI
SimCenter (Yu et al, 2019). BRAILS extracts building attributes from Google satellite and streetview imagery, and BRAILS classifiers identify additional attributes, such as roof shape, that
cannot typically be obtained by web scraping. SURF infers attribute values from spatial
relationships between points of interest. Applying these three methods in concert thus generates a
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comprehensive attribute list for the building inventory under study. (2) Individual roof images are
extracted from NOAA aerial imagery; these are processed to obtain a satisfactory balance between
image resolution and data file size. (3) Lastly, a trained machine learning model evaluates the
processed roof images and classifies each according to its damage state: undamaged, minor,
moderate, severe, or destroyed. For this task, several machine learning algorithms have been
tested, including support vector machines (SVM), stochastic gradient descent (SGD), and multilayer perceptron (MLP). Of these, SVM is found to yield the greatest overall accuracy, with an
average threefold cross-validation accuracy score of 62%.

Figure 1. Flowchart illustrating the sequence of operations in the automation framework.

3. CONCLUSION AND SUMMARY
The proposed automation framework seeks to accelerate existing post-windstorm reconnaissance
DE-QC protocols. Building attribute data are collected by means of scripted web scraping and
tools provided in the open-source BRAILS and SURF applications. Roof damage detection and
classification is performed using a trained machine learning model. Damage classification
accuracy presently does not surpass 62%; this is to be improved in future work.
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